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An Efficient Reinforcement Learning Method
Using Prediction Errors Between Models

TAISEI HASHIMOTO''®  YOSHIMASA TSURUOKA?

Abstract: Reinforcement learning has been successful in board games such as Go and video games such as
Atari 2600, but its application in the real world is still limited compared to supervised machine learning.
One of the reasons is its low sample efficiency. Moreover, the rewards tend to be sparse in realistic tasks,
and efficient learning is difficult especially in such an environment. In this study, we propose a reinforcement
learning method that can learn efficiently even with sparse rewards. Specifically, we make the environment
exploration and policy learning more efficient by combining model-based reinforcement learning and intrin-
sic rewards. Also, we have devised a method to learn a policy from a small number of image observations
by randomly encoding them. In this paper, we conducted experiments with MountainCar and Freeway of
OpenAl Gym and verified that effective learning is possible also from raw images as long as they are simple.
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Inputs:
K Number of models
C Interval of model update
« Learning rate for model parameters
B Learning rate for policy parameters

Initialize empty data set D
Initialize model parameters ¢ randomly
Initialize policy parameters 6 randomly
while not converged do
// Model fitting
Collect data from real environment.
D« DU {(or,as,7e,de)L_; }
Compute loss L(¢) from Equation 1.
Update model parameters ¢ « ¢ — aVLr ().
// Policy improvement
for update step ¢t = 1..C' do
Generate data set D’ from model simulation.
Compute PPO objective Lp(0).
Update policy parameters 0 < 0 + SV Lp(0).
end for
end while
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M7, 8127, EFRHEIZOWTHSHEEF LTS, MHo
FERTPREZ, AN E ORI R/ME» SR REE TR
*£7.

REFFEIIRND I EEWY VTR TEHTET
WBZEWbhb. £7-Z0ORETIE, RND IZ X 55850
ROPFF M EITR S higd o7z,

4.2.2 MountainCar (A71: E{f)

BEFHEIBWT, YIalb—Yary0RFy T 100
EL7. #ERZEM9, 10 1257

REFFEIIRND I EEWY VY TR TCEHTET
WBZ Wb hdb. K2 RND Tld—EdH T—IIZHEL
BWZeWH oDz L, REFETE S HETIZEW
TI—IVIZEFELTE D, SIRN R ERETETNS. Z
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—2001

T T T T T T T T T
0 2500 5000 7500 10000 12500 15000 17500 20000
step

9 [@if% A& T 5 MountainCar IZEWT, #EFEICL G
SNV — N Z & O

—80

—100 4

—1201

~140 1

extrinsic reward

—160+

—180 1

—2001

0.0 0.2 0.4 0.6 0.8 1.0
step le7

10 W% AS1& % MountainCar IZEWT, RND & & O
PPO L& VRSN EY — F Z & DR

extrinsic reward

6 50‘00 10600 15600 20600 25600 30600 35600 40600
step

11 Freeway (BT, BEFHEIC IO BONZIEY —FNTE
DRI

254
— RND

—— PPO I [

201

-
v
L

-
o
s

extrinsic reward

v
L

6 200‘000 400‘000 600‘000 SOO‘OOO 1006000 1206000
step

K 12 Freeway {Z8\WT, RND Bk U PPO IZ& W Ao
Y — R T & D

DEIFETH, RND IZ & 2 FEEROBHEEF W\ LITRE S iz
o 7x.
4.2.3 Freeway

BEFEIBWT, YIalb—vary0RFy 7HIX 100
U7, KEREX 11, 12 1277,

REFEIDR I CHERL, ROBBTIT—IIZEEL
TIWAEDOD, LKA 3T IERND & 0 K<, Kz
AT L DRERIZE DR o7, ZHIZETILOAR
EEIICED, AROFENPEE /222128520
EEZLND. ZOBRETIIRHICHEMO PP EETH 5
A, ERPEM R - DIZZ DN S FLEHTE h o
T-AREMED D B .

REFETIIEHOBRTE FILOBEEEED AT
THIEDHD, FDEIRGEIFFEFEN D XN
ZENE ol ZHIEBZLHLKETNVOBTFEIZESE
DEEBLND. FUEE U TIRT — 2 INEIZE RO T —
VIV hEHWT, EOOSNET—XDRO EMA LI L
BREDPEZONDD, THIXSHEOREL Lz,

BEPHEICL 28T, FICFE OB EIZBWT,
I—TxV MPEIGEDWTYZD Z LR o758 5
EWSTTERSE L BRoNn. Zhid, HIZYEEZNE S H
OHENZ DRI TIEWHEETTETE ST, ZOTH)
ZEWHNEBBMAE R S hTWb bl eEx6N5.

PPOIXT—NVETEZENETT, 2L EYTETVE
W, — 5 RND IZAAEERMIZ D 3 Sl T =iz 0 &
&, TOBWRLEL THMZESNTWS.

4.3 EE

MountainCar (2B W TiE, BEFEIERND K b EWV
YU TNNREERT DI ENTE. ZOTERERIL, 12
FFHEFETNUR-ZFEEHNTE D, ET VAT
S HEE2ZETAIENTEEDEEEILNS.

—7, Freeway IZ B W T, IREFIEIFERIIRRRIZT
X200, ETNVOZEPHEL WD ZTDHD HKDF
WS LT VT = ANEL o7, ZONIE, gz
Iya—ReBHEEZEBIETSILICLVHHETE 56
MdHdHb.

RND 12 & 5 EZ)KR DM LI, MountainCar (25 W\ T
13/NE <, Freeway IZBEWTRKE o7z, INEHEHL
MountainCar D¥REAIE IZ —1 TH D, FE I N7/ RREIZ
B S AHEREIE —100 FREDE L 725 728, HiffiZs PPO
THoTEFHDEATHRVWLANEL > 2T 5720T
HrLEZONS. —) Freeway Tl I — )V ETEETE
BRI G EIRRED O — Y OWMMZ Z T BN WD,
NEBERI AR IZ B R RIEL e EZ 5 ND.

¥ 7z, Freeway OERIIFEIZHTET 57215 TH A HEZ DS,
MountainCar D& & —ELEIZEWTHWE DT TH LA
EIK WS A UEMLEIEZ T 50 BENRHE I L
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BLZEEZOND. RND X4 F T/ REOHFTH
BHOHEA TWRWDE DITH U TR E NN % £ 5
B 5 ETELHNTWRWREISE LTI, TS5 A%
W7z 8D NERERI 2 AE Bk T E A\, Z D728, MountainCar
TOYRRSEEDEDY VTNV TRIETDIFHEL 5720
ZEeEbhs.

5 &bHYIC

AFETIE, OpenAl Gym O — L %ML U, RETFIE
DEMEZMRAEL 7. ZORE, FicHfzr AT 5
MountainCar (ZBI LTIk, liff%E 7 v X LAl I —F «
VITBIEIZEDENY Y TNV RE L 7z,

SHOBE L U TIX, Freeway OERTH 72 & 5 12 M
REGENSFET ML 2FHRT EZeAET5N5.
Fro, T RNEICEROT -V 2V N EHWSREDHK
BIZE WV IREFEE2ZEAI I REOREEZEZEZ TS,
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